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1
METHOD AND APPARATUS FOR
STRATEGIC SYNAPTIC FAILURE AND
LEARNING IN SPIKING NEURAL
NETWORKS

BACKGROUND

1. Field

Certain aspects of the present disclosure generally relate to
neural system engineering and, more particularly, to a method
and apparatus for strategic synaptic failure and learning in
spiking neural networks.

2. Background

Learning in spiking neural networks typically involves
adjusting a strength (weight) of a synaptic connection based
on a learning rule such as the spike-timing-dependent plas-
ticity (STDP). Over time, the synaptic connection strength
may therefore change considerably. Moreover, the synaptic
strength may be depressed to zero. At first glance, in a soft-
ware simulation or hardware implementation of a spiking
neural network, this should motivate disconnecting the zero-
strength synapse to save computation involving an input that
will have no effect on the receiving neuron.

However, there are several problems with this approach.
First, the capability for structural changes (disconnecting or
reusing a synapse for another connection) may be limited.
Second, by disconnecting a synapse, the possibility for future
learning (increase in strength of the connection) is rendered
impossible. For example, even if the synapse strength is zero,
the STDP may invoke a future increase in that synapse’s
strength due to post-synaptic firing. Third, depending on the
learning rule and learning context, a portion of weights may
converge toward zero but not necessarily reach zero or may
reach zero but not stay there or cluster near zero. This presents
a further difficulty on how to decide when to disconnect a
synaptic connection in order to save computations and yet not
to impact learning or network behavior.

The above problems have not yet been solved because
either synapses are typically limited in number (and thus have
limited capability/potential for learning) or models take
longer time to simulate and/or run. For example, in biology, a
synaptic failure is typically viewed as simply probabilistic
(e.g., equal to a predetermined percentage, such as 40%). The
synaptic failure can also occur deterministically if, for
example, synaptic vesicles are not replenished with neu-
rotransmitter. The present disclosure provides solutions to the
aforementioned problems.

SUMMARY

Certain aspects of the present disclosure provide a method
of'neural learning in a neural network. The method generally
includes determining a synaptic weight for a synaptic con-
nection between a pre-synaptic neuron and a post-synaptic
neuron, determining one or more failures of the synaptic
connection based on a set of characteristics of the synaptic
connection, and omitting the one or more failures from com-
putation of a neuronal behavior of the post-synaptic neuron.

Certain aspects of the present disclosure provide an appa-
ratus for neural learning in a neural network. The apparatus
generally includes a first circuit configured to determine a
synaptic weight for a synaptic connection between a pre-
synaptic neuron and a post-synaptic neuron, a second circuit
configured to determine one or more failures of the synaptic
connection based on a set of characteristics of the synaptic
connection, a third circuit configured to omit the one or more
failures from computation of a neuronal behavior of the post-
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2

synaptic neuron, and a fourth circuit configured to adjust
changes of the synaptic weight for successtul transmissions
of'events to the post-synaptic neuron via the synaptic connec-
tion depending on a probability of the one or more failures.

Certain aspects of the present disclosure provide an appa-
ratus for neural learning in a neural network. The apparatus
generally includes means for determining a synaptic weight
for a synaptic connection between a pre-synaptic neuron and
a post-synaptic neuron, means for determining one or more
failures of the synaptic connection based on a set of charac-
teristics of the synaptic connection, means for omitting the
one or more failures from computation of a neuronal behavior
of'the post-synaptic neuron, and means for adjusting changes
of' the synaptic weight for successtul transmissions of events
to the post-synaptic neuron via the synaptic connection
depending on a probability of the one or more failures.

Certain aspects of the present disclosure provide a com-
puter program product for neural learning in a neural net-
work. The computer program product generally includes a
computer-readable medium comprising code for determining
a synaptic weight for a synaptic connection between a pre-
synaptic neuron and a post-synaptic neuron, determining one
or more failures of the synaptic connection based on a set of
characteristics of the synaptic connection, and omitting the
one or more failures from computation of a neuronal behavior
of the post-synaptic neuron.

BRIEF DESCRIPTION OF THE DRAWINGS

So that the manner in which the above-recited features of
the present disclosure can be understood in detail, a more
particular description, briefly summarized above, may be had
by reference to aspects, some of which are illustrated in the
appended drawings. It is to be noted, however, that the
appended drawings illustrate only certain typical aspects of
this disclosure and are therefore not to be considered limiting
of its scope, for the description may admit to other equally
effective aspects.

FIG. 1 illustrates an example network of neurons in accor-
dance with certain aspects of the present disclosure.

FIGS. 2A-2B illustrate examples of a processing unit (neu-
ron) of a computational network (neural system or neural
network) in accordance with certain aspects of the present
disclosure.

FIG. 3 illustrates example operations of neural learning in
a neural network in accordance with certain aspects of the
present disclosure.

FIG. 3A illustrates example components capable of per-
forming the operations illustrated in FIG. 3.

FIG. 4 illustrates an example software implementation of
neural learning using a general-purpose processor in accor-
dance with certain aspects of the present disclosure.

FIG. 5 illustrates an example implementation of neural
learning where a memory may be interfaced with individual
distributed processing units in accordance with certain
aspects of the present disclosure.

FIG. 6 illustrates an example implementation of neural
learning based on distributed memories and distributed pro-
cessing units in accordance with certain aspects of the present
disclosure.

DETAILED DESCRIPTION

Various aspects of the disclosure are described more fully
hereinafter with reference to the accompanying drawings.
This disclosure may, however, be embodied in many different
forms and should not be construed as limited to any specific



US 9,208,431 B2

3

structure or function presented throughout this disclosure.
Rather, these aspects are provided so that this disclosure will
be thorough and complete, and will fully convey the scope of
the disclosure to those skilled in the art. Based on the teach-
ings herein one skilled in the art should appreciate that the
scope of the disclosure is intended to cover any aspect of the
disclosure disclosed herein, whether implemented indepen-
dently of or combined with any other aspect of the disclosure.
For example, an apparatus may be implemented or a method
may be practiced using any number of the aspects set forth
herein. In addition, the scope of the disclosure is intended to
cover such an apparatus or method which is practiced using
other structure, functionality, or structure and functionality in
addition to or other than the various aspects of the disclosure
set forth herein. It should be understood that any aspect of the
disclosure disclosed herein may be embodied by one or more
elements of a claim.

The word “exemplary” is used herein to mean “serving as
an example, instance, or illustration.” Any aspect described
herein as “exemplary” is not necessarily to be construed as
preferred or advantageous over other aspects.

Although particular aspects are described herein, many
variations and permutations of these aspects fall within the
scope of the disclosure. Although some benefits and advan-
tages of the preferred aspects are mentioned, the scope of the
disclosure is not intended to be limited to particular benefits,
uses or objectives. Rather, aspects of the disclosure are
intended to be broadly applicable to different technologies,
system configurations, networks and protocols, some of
which are illustrated by way of example in the figures and in
the following description of the preferred aspects. The
detailed description and drawings are merely illustrative of
the disclosure rather than limiting, the scope of the disclosure
being defined by the appended claims and equivalents
thereof.

An Example Neural System

FIG. 1 illustrates an example neural system 100 with mul-
tiple levels of neurons in accordance with certain aspects of
the present disclosure. The neural system 100 may comprise
a level of neurons 102 connected to another level of neurons
106 though a network of synaptic connections 104. For sim-
plicity, only two levels of neurons are illustrated in FIG. 1,
although fewer or more levels of neurons may exist in a
typical neural system.

As illustrated in FIG. 1, each neuron in the level 102 may
receive an input signal 108 that may be generated by a plu-
rality of neurons of a previous level (not shown in FIG. 1). The
signal 108 may represent an input current of the level 102
neuron. This current may be accumulated on the neuron
membrane to charge a membrane potential. When the mem-
brane potential reaches its threshold value, the neuron may
fire and generate an output spike to be transferred to the next
level of neurons (e.g., the level 106).

The transfer of spikes from one level of neurons to another
may be achieved through the network of synaptic connections
(or simply “synapses”) 104, as illustrated in FIG. 1. The
synapses 104 may receive output signals (i.e., spikes) from
the level 102 neurons (pre-synaptic neurons relative to the
synapses 104), and scale those signals according to adjustable
synaptic weights w, ", . w1 (where P is a total
number of synaptic connections between the neurons of lev-
els 102 and 106). Further, the scaled signals may be combined
as an input signal of each neuron in the level 106 (post-
synaptic neurons relative to the synapses 104). Every neuron
in the level 106 may generate output spikes 110 based on the
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corresponding combined input signal. The output spikes 110
may be then transferred to another level of neurons using
another network of synaptic connections (not shown in FIG.
1).

The neural system 100 may be emulated by an electrical
circuit and utilized in a large range of applications, such as
image and pattern recognition, machine learning, motor con-
trol, and alike. Each neuron in the neural system 100 may be
implemented as a neuron circuit. The neuron membrane
charged to the threshold value initiating the output spike may
be implemented, for example, as a capacitor that integrates an
electrical current flowing through it.

In an aspect, the capacitor may be eliminated as the elec-
trical current integrating device of the neuron circuit, and a
smaller memristor element may be used in its place. This
approach may be applied in neuron circuits, as well as in
various other applications where bulky capacitors are utilized
as electrical current integrators. In addition, each of the syn-
apses 104 may be implemented based on a memristor ele-
ment, wherein synaptic weight changes may relateto changes
of the memristor resistance. With nanometer feature-sized
memristors, the area of neuron circuit and synapses may be
substantially reduced, which may make implementation of a
very large-scale neural system hardware implementation
practical.

FIG. 2A illustrates an example 200 of a processing unit
(e.g., aneuron) 202 of a computational network (e.g., a neural
system or a neural network) in accordance with certain
aspects of the present disclosure. For example, the neuron 202
may correspond to any of the neurons of levels 102 and 106
from FIG. 1. The neuron 202 may receive multiple input
signals 204,-204,; (x,-X,,), which may be signals external to
the neural system, or signals generated by other neurons of
the same neural system, or both. The input signal may be a
current or a voltage, real-valued or complex-valued. The
input signal may comprise a numerical value with a fixed-
point or a floating-point representation. These input signals
may be delivered to the neuron 202 through synaptic connec-
tions that scale the signals according to adjustable synaptic
weights 206,-206,, (w,-w,,), where N may be a total number
of input connections of the neuron 202.

The neuron 202 may combine the scaled input signals and
use the combined scaled inputs to generate an output signal
208 (i.e., a signal y). The output signal 208 may be a current,
or a voltage, real-valued or complex-valued. The output sig-
nal may comprise a numerical value with a fixed-point or a
floating-point representation. The output signal 208 may be
then transferred as an input signal to other neurons of the
same neural system, or as an input signal to the same neuron
202, or as an output of the neural system.

The processing unit (neuron) 202 may be emulated by an
electrical circuit, and its input and output connections may be
emulated by wires with synaptic circuits. The processing unit
202, its input and output connections may also be emulated by
a software code. The processing unit 202 may also be emu-
lated by an electric circuit, whereas its input and output con-
nections may be emulated by a software code. In one aspect of
the present disclosure, the processing unit 202 in the compu-
tational network may comprise an analog electrical circuit. In
another aspect, the processing unit 202 may comprise a digi-
tal electrical circuit. In yet another aspect, the processing unit
202 may comprise a mixed-signal electrical circuit with both
analog and digital components. The computational network
may comprise processing units in any of the aforementioned
forms. The computational network (neural system or neural
network) using such processing units may be utilized in a
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large range of applications, such as image and pattern recog-
nition, machine learning, motor control, and alike.

During the course of training of neural network, synaptic
weights (e.g., the weights w, ™ .. w, ™ from FIG. 1
and/or the weights 206,-206,, from FIG. 2A) may be initial-
ized with random values and changed in small increments
according to a learning rule. Some examples of the learning
rule are the spike-timing-dependent plasticity (STDP) learn-
ing rule, the Hebb rule, the Oja rule, the Bienenstock-Copper-
Munro (BCM) rule, etc.

In the present disclosure, a synapse (e.g., any of the syn-
apses 104 from FIG. 1, or any of synapse connections from
FIG. 2A associated with the weights 206,-206,,) may fail
depending on a synaptic weight of that synapse. In the pre-
ferred embodiment, when a synapse’s weight (e.g., any of the
weights w, @1 w, %D from FIG. 1 and/or any of the
weights 206,-206,, from FIG. 2A) is within a particular range,
the synapse associated with that weight has a chance to fail.

As illustrated in an example 210 in FIG. 2B, a synapse
connection associated with a weight 216, may fail. The failure
means that the synapse does not transmit an event to a post-
synaptic neuron (e.g., an event from an input or a pre-synaptic
neuron 214, to a post-synaptic neuron 212 in F1G. 2B). This is
in contrast to success where the synapse transmits an event to
the post-synaptic neuron with the associated weight. More-
over, the chance to fail may increase as the weight decreases.
To compensate for a reduced chance of learning, an adjust-
ment to the learning mechanism may need also to be applied.
The learning adjustment also depends on the synaptic weight
or chance of synaptic failure. In the preferred embodiment,
this means that the adjustment has a larger effect when a
synaptic weight is smaller because failure chance is larger.

Advantages of the synapse learning method described in
the present disclosure comprise improving learning in spik-
ing neural networks by being able to include more synapses
while reducing computational requirements. In addition,
while the advantages are present for discrete-time and con-
tinuous-time/event-based methods of modeling, the advan-
tages may be even greater for event-based methods.

Neural Learning and Change of Synaptic Weight

Learning in spiking neural networks, such as the neural
network 100 from FIG. 1, may typically involve adjusting
strength (weight) of a synaptic connection based on a learning
rule such as the STDP. The typical STDP learning rule may
effectively adapt a synaptic weight of a synapse connecting a
neuron A (e.g., a pre-synaptic neuron) to a neuron B (e.g., a
post-synaptic neuron) as a function of time difference
between the pre-synaptic neuron A’s spike time t,,,, and the
post-synaptic neuron B’s spike time t,,,, (.., At=t,, ~t ).
A typical formulation of the STDP rule is to increase the
synaptic weight (i.e., potentiate the synapse) if the time dif-
ference is positive (the pre-synaptic neuron fires before the
post-synaptic neuron), and decrease the synaptic weight (i.e.,
depress the synapse) if the time difference is negative (the
post-synaptic neuron fires before the pre-synaptic neuron). A
change of the synaptic weight may be typically achieved
using an exponential decay, as given by:

— o | At Misign(A
AW=A4 ;ignan'e signbd,

ey
Where? Tyigniar 15 a time constant and A,,_, . 15 @ sgaling
magnitude, wherein both T,.,,a,, and A, ., may typically
depend on whether the time difference is positive or negative.
It should be evident that the weight may be increased for

causal inputs (positive time difference) regardless of how
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6

large the difference is (within the order of the time constant).
Similarly, the opposite may occur for non-causal inputs.

According to the STDP learning rule, a synaptic weight
may reach zero. If the synaptic weight is zero, then inputs via
that synapse may have no effect on the static behavior of the
post-synaptic neuron. Thus, at first glance, it may appear
advantageous to disconnect the synapse in order to save com-
putations. However, there are several problems with this
approach. First, the capability for structural changes (e.g.,
disconnecting or reusing a synapse for another connection)
may be limited in a neuromorphic hardware implementation
or software simulation.

Second, by disconnecting a synapse, the possibility for
future learning (increase in strength of the connection) is
rendered impossible. For example, even if synapse strength is
zero, the STDP rule may invoke a future increase in that
synapse’s strength due to post-synaptic firing. This can be
observed from the nature of equation (1). The weight change
Aw may be non-zero even if the weight is zero because the
weight change does not depend on the current weight.

Weight changes can be applied in two typical ways. In one
aspect, additive weight changes may be typically applied as
follows,

w=w+Aw.

@
In this case, a weight that is zero may become non-zero.

In another aspect, multiplicative weight changes may be
typically applied as follows,

w=w(l+0Aw). ©)

In this case, at first glance, it may appear that there is no
problem because once a weight reaches zero it remains at
zero. However, for the same reason as before, a weight will be
unlikely to ever reach zero in the multiplicative model. This
problem is different but also applicable because if weights do
not reach zero how can computation be saved. This problem
of non-zero small weights will be discussed further below.

More complex ways of applying weight changes may com-
prise slow leaking of weight changes, where the weight
change amount is leaked into the weight slowly and the
weight change itself evolves, e.g., by Infinite Impulse
Response (IIR):

w=w+aAw;Aw=pPAw. 4

Although more complex (sophisticated), this approach may
have the same problems as above: either this method tends to
prevent weights from reaching zero or the zero weights can
become non-zero by learning.

In yet another aspect, a method of weight change may
comprise determining the weight change amount Aw depend-
ing on the current weight w. Models based on this approach
have been proposed in the prior art, but biological evidence in
support of these models is limited. More importantly, such
models still have the above problems: either weights cannot
or are unlikely to reach zero, or weights that become zero can
again become non-zero.

A third problem with the approach of disconnecting the
synapse to save computations is that, depending on the learn-
ing rule and learning context, a portion of weights may con-
verge toward zero but not necessarily reach zero or may reach
zero but not stay there or cluster near zero. This may present
a further difficulty on how to decide when to disconnect a
synapse connection in order to save computations. If a weight
is not zero, it can influence the post-synaptic behavior and
thus removal of the connection may impact the neural net-
work behavior.
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Therefore, a method of reducing computations in a spiking
neural network that does not negatively affect learning is
desired. Certain aspects of the present disclosure support
synaptic failure or learning adjustment depending on one or
more synaptic characteristics. In the preferred embodiment,
the synaptic characteristics comprise a synaptic weight. In
general, the synaptic characteristics may comprise at least
one of synapse weight, delay, state, location, connectivity, or
age. Furthermore, the synaptic failure may be probabilistic
when a synaptic characteristic is within a predefined range. In
addition, the learning adjustment may compensate for synap-
tic failure. Beside computational benefits that may be
achieved by employing the probabilistic synaptic failure,
another motivation for implementing the synaptic failure as
probabilistic is to improve robustness of the learning. Itcanbe
shown that the probabilistic synaptic failure may actually
improve performance after learning (e.g., in learning visual
receptive fields). One way to explain this is that causing
synapses to artificially fail emulates a response to a noisy
training signal.

Synaptic Failure

According to the preferred embodiment of the present dis-
closure, a synapse may become active when a pre-synaptic
spike reaches the synapse. Then, the synapse may fail or
succeed. This binary decision may depend on one or more
synapse characteristics. Generally, the decision may be sub-
divided according to the context; for example, according to
the range of the synapse characteristics.

In an aspect of the present disclosure, a synapse weight
(strength) may be an example of the synapse characteristics
and, without loss of generality, the maximum weight may be
equal to one. For example, three ranges of weight defined by
[0,1,,5]5 [Tsises Trecls [eans 1] can be considered. If the synapse
weight is within the first range, then the synaptic failure may
be determined to be high (or it may always happen). If the
synapse weight is within the third range, then the synaptic
failure may be determined to be low (or it may never happen).
If the synapse weight is within the second range, then the
synaptic failure may be probabilistic. In an aspect, the syn-
aptic failure may be determined randomly with some prob-
ability P(failure).

Moreover, the probability of synaptic failure may be
dependent on synaptic characteristic(s), such as the synaptic
weight, i.e.,

®

0, w = fin
P(failure) = max(O, 1- M],

Snax = fmin

so that the chance of failure may decrease as the weight
increases. In this exemplary case, there are up to three ranges
with the probability of failure linearly dependent on the
weight in the middle range. However, variations on the num-
ber of ranges (whether predetermined or dynamic) and the
mathematical relationship between the characteristic and the
failure probability can also be used in the present disclosure.

Whether a failure actually occurs or not for any given
synaptic event may be computed in various ways such as by
determining a random number and comparing against the
probability of failure. A pseudo-code for the probabilistic
synaptic failure based on the determination of the random
number may be given as:
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bool failure(double w)

ifiw <={__min) return(false);

else if(w >= f_max) return(true);

else { return((w - f_min)<(f_max-f_min)*
random__double_between_ 0__and_ 1( ));}

In an event-based simulator, a synaptic failure may mean
that an event does not have to be scheduled for the post-
synaptic neuron to receive a synaptic input. This may save
computations in terms of insertion into the event schedule,
event processing, and indirect computations involving sched-
ule manipulation (e.g., sorting, insertion of other events, and
so on). In a discrete-time based simulator, a synaptic failure
may have less computational benefit, but computations in the
event processing can still be saved. Additional benefits of the
simulated synaptic failure may comprise more robust learn-
ing and improved neural performance.

Synaptic Failure as Function of Time

A probabilistic synaptic failure can be achieved by com-
puting a pseudo-random number using typical computation
methods. However, success or failure may also be determined
deterministically to have a particular probability. For
example, success may be determined to occur with a particu-
lar period N, i.e., a synapse may fail except every N-th acti-
vation. In another example, success may be determined to
occur if activation occurs at a particular interval. For example,
if a synapse is activated within time T of a prior successful
activation, then it fails; otherwise the synapse succeeds.
Moreover, the probability of activation may be defined as
being dependent on a time since the last successful activation.

If an Inter-Event-Interval (IEI) At is modeled by a distri-
bution P(At), this Probability Density Function (PDF) may be
used to determine the probability of failures. The principle is
that the rarer the synaptic event, determined by (At), the less
likely the synapse would fail. More specifically,

PAAD=P(AL). (6)

In this implementation, it can be assumed that all spiking
events are independent. However, it may be justified to
impose a condition that the cumulative events At,, i=1, ..., K
are to be taken into account when computing the probability
of synaptic failure, where K is a total number of previous
synaptic failures. More specifically,

PAALi=L, .. K)=Pg(At,i=1, . .. K)). )

A typical g function may be defined as:

g(Azi=1,.. ., K)=3,_ KwAt, (8)

For example, assuming

i.e. an exponential distribution, g(At,, i=1, . . . , K)=X,_ A,
may be used as the aggregate function for K cumulative At,,
i=1, . . ., K since a last successful synaptic event. For an
exponential distribution, the only parameter to be estimated is
the scale parameter 8. The maximum likelihood estimate for
[ may be given as:
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1 K
ZA[;.
i=1

Therefore, a closed form expression for the probability of
failures may be given as:

10

In addition to the synaptic failures, it may be needed to
compensate the weight adjustment for the failed synapses by
accumulating the weights, i.e.,

Ww=Z,_ Xfw,). (11

In most cases, f(w,)=w,. But, in some neural networks, the
weight value may have a decayed time value such as the
y-amino-butyric acid (GABA) inhibitory current. Therefore,
in this case,

_Ar
fw)=we T,
where T is a time constant for a post-synaptic current.

Learning Adjustment

According to certain aspects of the present disclosure, two
forms of learning adjustment may be made due to the possi-
bility of synaptic failure. The spike-timing-dependent plas-
ticity (STDP) learning rules may typically need a memory of
time occurrence of at least one pre-synaptic spike and one
post-synaptic spike. First, the case is considered where, if a
synapse failure occurs, there is no knowledge of the pre-
synaptic spike from the point of view of the learning rule (i.e.,
from the post-synaptic or synapse local viewpoint). In this
case, there is no knowledge to trigger spike-timing-dependent
plasticity changes to the synapse based on the failed event
(i.e., there is no knowledge of the event).

Adjustment in Successful Synaptic Events

The first form of learning adjustment may take this prob-
lem into account by adjusting learning that occurs when the
synapse does not fail. First, it can be recognized that the
synapse may fail or may succeed. Since knowledge of the
event is available only when it succeeds, it may be assumed
that conditions would be similar in failure cases. Thus, miss-
ing the failures may be compensated by adjusting the weight
change in successful cases. For example, in an aspect, the
weight change may be boost by the probability of failure, i.e.,

Aw=P(failure)d ;a2 w5870, (12)

Therefore, when the synapse does not fail, the weight change
may be larger than nominal in order to account for the fact that
no adjustment was made for synaptic failure cases.

In another aspect, the weight may be adjusted by a more
general function of the failure probability or history of failure
probability (because the failure probability may be chang-
ing), i.e.,

Aw=f{P(failure)})dy;gmcane” 80, (13)

In yet another aspect, the synaptic learning (synapse
weight) may be adjusted based on the synaptic characteristic
or history thereof, i.e.,

AW:f({W(l)})Asign(m)(‘M/wg"(m)- (14)
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10

In the preferred embodiment, the adjustment to the weight
change may be smaller when the weight is larger in order to
reflect that the probability of failure is smaller for a larger
weight. For example, if the weight is within the failure range,
then

Snax = fnin ] it/
Aw=| =" |A, e sign(Ar)
( W foin )

1s)

An equivalent way to achieve the weight adjustment effect
can be to change the STDP learning curve or make long-term
potentiation (L'TP) and long-term depression (LTD) curves
dependent on current synaptic weight.

Learning when Synaptic Failures Occur

Another way to account for synaptic failures in learning
can be to apply learning even to synapses that fail. This means
that while synaptic failures do not result in an event to pro-
cess, they may result in learning. The idea is to separate
accounting of synaptic failures from potential synaptic
events. If it is accounted for in all potential synaptic events,
for example by knowing the pre-synaptic event time, learning
can be applied to a synapse even when the synapse fails.
Technically, this alternative comprises executing a synaptic
update rule for synaptic events whether they fail or succeed.
Moreover, this synaptic learning rule may be executed at a
different time than the synaptic update rule would have been
executed had the synapse not failed. This is possible because
there is no impact on the immediate behavior of the post-
synaptic neuron.

A typical method of implementing STDP may comprise (a)
executing I'TP or weight increases when a post-synaptic
event occurs (and changing the weight depending on the time
since the last pre-synaptic event); and (b) executing L'TD or
weight decreases when a pre-synaptic event occurs (and
changing the weight depending on the time since the last
post-synaptic event). In this case, in order to implement the
disclosed alternative described above, the method may com-
prise: (a) recording the time of pre-synaptic events (whether
they result in synaptic failure or not) and using this time in the
LTP post-synaptic rule; and (b) executing the LTD pre-syn-
aptic rule regardless of whether or not a synaptic failure
occurs.

FIG. 3 illustrates example operations 300 of neural learn-
ing in a neural network (e.g., the neural network 100 from
FIG. 1) in accordance with certain aspects of the present
disclosure. At 302, a synaptic weight (e.g., any of the weights
206,-206,, from FIG. 2A) may be determined for a synaptic
connection between a pre-synaptic neuron and a post-synap-
tic neuron. At 304, one or more failures of the synaptic con-
nection may be determined based on a set of characteristics of
the synaptic connection. At 306, the one or more failures may
be omitted from computation of a neuronal behavior of the
post-synaptic neuron.

According to certain aspects of the present disclosure,
determining the one or more failures of the synaptic connec-
tion may comprise determining the one or more failures that
are probabilistic. A probability of each of the one or more
failures may depend on one or more synaptic characteristics
from the set. In an aspect, the synaptic weight may be deter-
mined according to a learning rule, e.g., the STDP rule, the
Hebb rule, the Ojarule, or the BCM rule. Furthermore, one or
more effects of the one or more failures may be included in
learning of the synaptic weight, wherein the learning of the
synaptic weight may be executed at a different time than
updating of the synaptic weight would have been executed
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had the synaptic connection not failed. In one aspect, includ-
ing the one or more effects of the one or more failures in
learning may comprise adjusting changes of the synaptic
weight for successful transmissions of events to the post-
synaptic neuron via the synaptic connection depending on a
probability of the one or more failures. In another aspect,
including the one or more effects of the one or more failures
in learning may comprise determining changes of the synap-
tic weight for the one or more failures and for one or more
successful transmissions of events to the post-synaptic neu-
ron via the synaptic connection.

In an aspect of the present disclosure, the set of character-
istics of the synaptic connection may comprise at least one of:
the synaptic weight, a delay of the synaptic connection, an age
of the synaptic connection, location of the synaptic connec-
tion, a size of the synaptic connection, a state of the synaptic
connection, a time period since last activation of the synaptic
connection, a time period since last successful activation or
failed activation of the synaptic connection, a state of the
pre-synaptic neuron, or a state of the post-synaptic neuron. In
an aspect of the present disclosure, a chance of the failures or
successful transmissions of events via the synaptic connec-
tion may not affect an amount of an input to the post-synaptic
neuron, if a transmission of an event via the synaptic connec-
tion is success, and the amount of the input may be zero, if the
transmission of the event via the synaptic connection fails. In
an aspect, a probability of the one or more failures may be a
function of a synaptic connectivity in the neural network (i.e.,
a hardware load).

FIG. 4 illustrates an example software implementation 400
of the aforementioned method for neural learning using a
general-purpose processor 402 in accordance with certain
aspects of the present disclosure. Weights associated with
each connection (synapse) of a computational network (neu-
ral network) may be stored in a memory block 404, while
instructions related to the neural learning being executed at
the general-purpose processor 402 may be loaded from a
program memory 406. In an aspect of the present disclosure,
the instructions loaded into the general-purpose processor
402 may comprise code for determining a synaptic weight for
a synaptic connection between a pre-synaptic neuron and a
post-synaptic neuron, code for determining one or more fail-
ures of the synaptic connection based on a set of characteris-
tics of the synaptic connection, and code for omitting the one
or more failures from computation of a neuronal behavior of
the post-synaptic neuron.

FIG. 5 illustrates an example implementation 500 of the
aforementioned method for neural learning where a memory
502 can be interfaced via an interconnection network 504
with individual (distributed) processing units (neural proces-
sors) 506 of a computational network (neural network) in
accordance with certain aspects of the present disclosure. One
or more weights associated with one or more connections
(synapses) of the computational network (neural network)
may be loaded from the memory 502 via connection(s) of the
interconnection network 504 into each processing unit (neu-
ral processor) 506. In an aspect of the present disclosure, the
processing unit 506 may be configured to determine a synap-
tic weight for a synaptic connection between a pre-synaptic
neuron and a post-synaptic neuron, determine one or more
failures of the synaptic connection based on a set of charac-
teristics of the synaptic connection, and omit the one or more
failures from computation of a neuronal behavior of the post-
synaptic neuron.

FIG. 6 illustrates an example implementation 600 of the
aforementioned method for neural learning based on distrib-
uted weight memories 602 and distributed processing units
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(neural processors) 604 in accordance with certain aspects of
the present disclosure. As illustrated in FIG. 6, one memory
bank 602 may be directly interfaced with one processing unit
604 of a computational network (neural network), wherein
that memory bank 602 may store one or more weights of one
or more connections (synapses) associated with that process-
ing unit (neural processor) 604. In an aspect of the present
disclosure, the processing unit 604 may be configured to
determine a synaptic weight for a synaptic connection
between a pre-synaptic neuron and a post-synaptic neuron,
determine one or more failures of the synaptic connection
based on a set of characteristics of the synaptic connection,
and omit the one or more failures from computation of a
neuronal behavior of the post-synaptic neuron.

The various operations of methods described above may be
performed by any suitable means capable of performing the
corresponding functions. The means may include various
hardware and/or software component(s) and/or module(s),
including, but not limited to a circuit, an application specific
integrate circuit (ASIC), or processor. Generally, where there
are operations illustrated in Figures, those operations may
have corresponding counterpart means-plus-function compo-
nents with similar numbering. For example, operations 300
illustrated in FIG. 3 correspond to components 300A illus-
trated in FIG. 3A.

As used herein, the term “determining” encompasses a
wide variety of actions. For example, “determining” may
include calculating, computing, processing, deriving, inves-
tigating, looking up (e.g., looking up in a table, a database or
another data structure), ascertaining and the like. Also,
“determining” may include receiving (e.g., receiving infor-
mation), accessing (e.g., accessing data in a memory) and the
like. Also, “determining” may include resolving, selecting,
choosing, establishing and the like.

As used herein, a phrase referring to “at least one of” a list
of items refers to any combination of those items, including
single members. As an example, “at least one of: a, b, or ¢’ is
intended to cover: a, b, ¢, a-b, a-c, b-c, and a-b-c.

The various illustrative logical blocks, modules and cir-
cuits described in connection with the present disclosure may
be implemented or performed with a general purpose proces-
sor, a digital signal processor (DSP), an application specific
integrated circuit (ASIC), a field programmable gate array
signal (FPGA) or other programmable logic device (PLD),
discrete gate or transistor logic, discrete hardware compo-
nents or any combination thereof designed to perform the
functions described herein. A general purpose processor may
be a microprocessor, but in the alternative, the processor may
be any commercially available processor, controller, micro-
controller or state machine. A processor may also be imple-
mented as a combination of computing devices, e.g., a com-
bination of a DSP and a microprocessor, a plurality of
microprocessors, one or more mMicroprocessors in conjunc-
tion with a DSP core, or any other such configuration.

The steps of a method or algorithm described in connection
with the present disclosure may be embodied directly in hard-
ware, in a software module executed by a processor, or in a
combination of the two. A software module may reside in any
form of storage medium that is known in the art. Some
examples of storage media that may be used include random
access memory (RAM), read only memory (ROM), flash
memory, EPROM memory, EEPROM memory, registers, a
hard disk, a removable disk, a CD-ROM and so forth. A
software module may comprise a single instruction, or many
instructions, and may be distributed over several different
code segments, among different programs, and across mul-
tiple storage media. A storage medium may be coupled to a
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processor such that the processor can read information from,
and write information to, the storage medium. In the alterna-
tive, the storage medium may be integral to the processor.

The methods disclosed herein comprise one or more steps
or actions for achieving the described method. The method
steps and/or actions may be interchanged with one another
without departing from the scope of the claims. In other
words, unless a specific order of steps or actions is specified,
the order and/or use of specific steps and/or actions may be
modified without departing from the scope of the claims.

The functions described may be implemented in hardware,
software, firmware, or any combination thereof. If imple-
mented in software, the functions may be stored or transmit-
ted over as one or more instructions or code on a computer-
readable medium. Computer-readable media include both
computer storage media and communication media including
any medium that facilitates transfer of a computer program
from one place to another. A storage medium may be any
available medium that can be accessed by a computer. By way
of example, and not limitation, such computer-readable
media can comprise RAM, ROM, EEPROM, CD-ROM or
other optical disk storage, magnetic disk storage or other
magnetic storage devices, or any other medium that can be
used to carry or store desired program code in the form of
instructions or data structures and that can be accessed by a
computer. Also, any connection is properly termed a com-
puter-readable medium. For example, if the software is trans-
mitted from a website, server, or other remote source using a
coaxial cable, fiber optic cable, twisted pair, digital subscriber
line (DSL), or wireless technologies such as infrared (IR),
radio, and microwave, then the coaxial cable, fiber optic
cable, twisted pair, DSL, or wireless technologies such as
infrared, radio, and microwave are included in the definition
of medium. Disk and disc, as used herein, include compact
disc (CD), laser disc, optical disc, digital versatile disc
(DVD), floppy disk, and Blu-ray® disc where disks usually
reproduce data magnetically, while discs reproduce data opti-
cally with lasers. Thus, in some aspects computer-readable
media may comprise non-transitory computer-readable
media (e.g., tangible media). In addition, for other aspects
computer-readable media may comprise transitory computer-
readable media (e.g., a signal). Combinations of the above
should also be included within the scope of computer-read-
able media.

Thus, certain aspects may comprise a computer program
product for performing the operations presented herein. For
example, such a computer program product may comprise a
computer readable medium having instructions stored (and/
or encoded) thereon, the instructions being executable by one
or more processors to perform the operations described
herein. For certain aspects, the computer program product
may include packaging material.

Software or instructions may also be transmitted over a
transmission medium. For example, if the software is trans-
mitted from a website, server, or other remote source using a
coaxial cable, fiber optic cable, twisted pair, digital subscriber
line (DSL), or wireless technologies such as infrared, radio,
and microwave, then the coaxial cable, fiber optic cable,
twisted pair, DSL, or wireless technologies such as infrared,
radio, and microwave are included in the definition of trans-
mission medium.

Further, it should be appreciated that modules and/or other
appropriate means for performing the methods and tech-
niques described herein can be downloaded and/or otherwise
obtained by a user terminal and/or base station as applicable.
For example, such a device can be coupled to a server to
facilitate the transfer of means for performing the methods
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described herein. Alternatively, various methods described
herein can be provided via storage means (e.g., RAM, ROM,
a physical storage medium such as a compact disc (CD) or
floppy disk, etc.), such that a user terminal and/or base station
can obtain the various methods upon coupling or providing
the storage means to the device. Moreover, any other suitable
technique for providing the methods and techniques
described herein to a device can be utilized.

It is to be understood that the claims are not limited to the
precise configuration and components illustrated above. Vari-
ous modifications, changes and variations may be made in the
arrangement, operation and details of the methods and appa-
ratus described above without departing from the scope of the
claims.

While the foregoing is directed to aspects of the present
disclosure, other and further aspects of the disclosure may be
devised without departing from the basic scope thereof, and
the scope thereof is determined by the claims that follow.

The invention claimed is:

1. A method of neural learning in a neural network, com-
prising:

determining a synaptic weight for a synaptic connection

between a pre-synaptic neuron and a post-synaptic neu-
ron;

determining one or more failures of the synaptic connec-

tion based on a set of characteristics of the synaptic
connection, wherein the set of characteristics comprises
the synaptic weight;

omitting the one or more failures from computation of a

neuronal behavior of the post-synaptic neuron; and
including one or more effects of the one or more failures in
learning of the synaptic weight.

2. The method of claim 1, wherein determining the one or
more failures of the synaptic connection comprises determin-
ing the one or more failures that are probabilistic.

3. The method of claim 2, wherein a probability of each of
the one or more failures depends on one or more synaptic
characteristics from the set.

4. The method of claim 1, wherein determining the synap-
tic weight is performed according to a learning rule.

5. The method of claim 1, wherein the learning of the
synaptic weight is executed at a different time than updating
of the synaptic weight would have been executed had the
synaptic connection not failed.

6. The method of claim 1, wherein including the one or
more effects ofthe one or more failures in learning comprises:

adjusting changes of the synaptic weight for successful

transmissions of events to the post-synaptic neuron via
the synaptic connection depending on a probability of
the one or more failures.

7. The method of claim 1, wherein including the one or
more effects ofthe one or more failures in learning comprises:

determining changes of the synaptic weight for the one or

more failures and for one or more successful transmis-
sions of events to the post-synaptic neuron via the syn-
aptic connection.

8. The method of claim 1, wherein the set of characteristics
of'the synaptic connection further comprises at least one of: a
delay of the synaptic connection, an age of the synaptic con-
nection, location of the synaptic connection, a size of the
synaptic connection, a state of the synaptic connection, a time
period since last activation of the synaptic connection, a time
period since last successful activation or failed activation of
the synaptic connection, a state of the pre-synaptic neuron, or
a state of the post-synaptic neuron.
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9. The method of claim 1, wherein:

a chance of the one or more failures or successful trans-
missions of events via the synaptic connection does not
affect an amount of an input to the post-synaptic neuron,
if a transmission of an event via the synaptic connection
is success, and

the amount of the input is zero, if the transmission of the
event via the synaptic connection fails.

10. The method of claim 1, wherein a probability of the one
or more failures is a function of a synaptic connectivity in the
neural network.

11. An apparatus for neural learning in a neural network,
comprising:

afirst circuit configured to determine a synaptic weight for
a synaptic connection between a pre-synaptic neuron
and a post-synaptic neuron;

a second circuit configured to determine one or more fail-
ures of the synaptic connection based on a set of char-
acteristics of the synaptic connection, wherein the set of
characteristics comprises the synaptic weight;

a third circuit configured to omit the one or more failures
from computation of a neuronal behavior of the post-
synaptic neuron; and

a fourth circuit configured to include one or more effects of
the one or more failures in learning of the synaptic
weight.

12. The apparatus of claim 11, wherein the second circuit is
also configured to determine the one or more failures that are
probabilistic.

13. The apparatus of claim 12, wherein a probability of
each of the one or more failures depends on one or more
synaptic characteristics from the set.

14. The apparatus of claim 11, wherein the first circuit is
also configured to determine the synaptic weight according to
a learning rule.

15. The apparatus of claim 11, wherein the learning of the
synaptic weight is executed at a different time than updating
of the synaptic weight would have been executed had the
synaptic connection not failed.

16. The apparatus of claim 11, wherein the fourth circuit is
also configured to:

adjust changes of the synaptic weight for successful trans-
missions of events to the post-synaptic neuron via the
synaptic connection depending on a probability of the
one or more failures.

17. The apparatus of claim 11, wherein the fourth circuit is

also configured to:

determine changes of the synaptic weight for the one or
more failures and for one or more successful transmis-
sions of events to the post-synaptic neuron via the syn-
aptic connection.

18. The apparatus of claim 11, wherein the set of charac-
teristics of the synaptic connection further comprises at least
one of: a delay of the synaptic connection, an age of the
synaptic connection, location of the synaptic connection, a
size of the synaptic connection, a state of the synaptic con-
nection, a time period since last activation of the synaptic
connection, a time period since last successful activation or
failed activation of the synaptic connection, a state of the
pre-synaptic neuron, or a state of the post-synaptic neuron.

19. The apparatus of claim 11, wherein:

a chance of the one or more failures or successful trans-
missions of events via the synaptic connection does not
affect an amount of an input to the post-synaptic neuron,
if a transmission of an event via the synaptic connection
is success, and
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the amount of the input is zero, if the transmission of the
event via the synaptic connection fails.

20. The apparatus of claim 11, wherein a probability of the
one or more failures is a function of a synaptic connectivity in
the neural network.

21. An apparatus for neural learning in a neural network,
comprising:

means for determining a synaptic weight for a synaptic
connection between a pre-synaptic neuron and a post-
synaptic neuron;

means for determining one or more failures of the synaptic
connection based on a set of characteristics of the syn-
aptic connection, wherein the set of characteristics com-
prises the synaptic weight;

means for omitting the one or more failures from compu-
tation of a neuronal behavior of the post-synaptic neu-
ron; and

means for including one or more eftects of the one or more
failures in learning of the synaptic weight.

22. The apparatus of claim 21, further comprising:

means for determining the one or more failures that are
probabilistic.

23. The apparatus of claim 22, wherein a probability of
each of the one or more failures depends on one or more
synaptic characteristics from the set.

24. The apparatus of claim 21, further comprising:

means for determining the synaptic weight according to a
learning rule.

25. The apparatus of claim 21, wherein the learning of the
synaptic weight is executed at a different time than updating
of the synaptic weight would have been executed had the
synaptic connection not failed.

26. The apparatus of claim 21, further comprising:

means for adjusting changes of the synaptic weight for
successful transmissions of events to the post-synaptic
neuron via the synaptic connection depending on a prob-
ability of the one or more failures.

27. The apparatus of claim 21, further comprising:

means for determining changes of the synaptic weight for
the one or more failures and for one or more successful
transmissions of events to the post-synaptic neuron via
the synaptic connection.

28. The apparatus of claim 21, wherein the set of charac-
teristics of the synaptic connection further comprises at least
one of: a delay of the synaptic connection, an age of the
synaptic connection, location of the synaptic connection, a
size of the synaptic connection, a state of the synaptic con-
nection, a time period since last activation of the synaptic
connection, a time period since last successful activation or
failed activation of the synaptic connection, a state of the
pre-synaptic neuron, or a state of the post-synaptic neuron.

29. The apparatus of claim 21, wherein:

a chance of the one or more failures or successful trans-
missions of events via the synaptic connection does not
affect an amount of an input to the post-synaptic neuron,
if a transmission of an event via the synaptic connection
is success, and

the amount of the input is zero, if the transmission of the
event via the synaptic connection fails.

30. The apparatus of claim 21, wherein a probability of the
one or more failures is a function of a synaptic connectivity in
the neural network.

31. A computer program product for neural learning in a
neural network, comprising a non-transitory computer-read-
able medium comprising code for:
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determining a synaptic weight for a synaptic connection
between a pre-synaptic neuron and a post-synaptic neu-
ron;

determining one or more failures of the synaptic connec-

tion based on a set of characteristics of the synaptic
connection, wherein the set of characteristics comprises
the synaptic weight;

omitting the one or more failures from computation of a

neuronal behavior of the post-synaptic neuron; and
including one or more effects of the one or more failures in
learning of the synaptic weight.

32. The computer program product of claim 31, wherein
the computer-readable medium further comprising code for
determining the one or more failures that are probabilistic.

33. The computer program product of claim 32, wherein a
probability of each of the one or more failures depends on one
or more synaptic characteristics from the set.

34. The computer program product of claim 31, wherein
the computer-readable medium further comprising code for
determining the synaptic weight according to a learning rule.

35. The computer program product of claim 31, wherein
the learning of the synaptic weight is executed at a different
time than updating of the synaptic weight would have been
executed had the synaptic connection not failed.

36. The computer program product of claim 31, wherein
the computer-readable medium further comprising code for:

adjusting changes of the synaptic weight for successful

transmissions of events to the post-synaptic neuron via
the synaptic connection depending on a probability of
the one or more failures.
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37. The computer program product of claim 31, wherein
the computer-readable medium further comprising code for:
determining changes of the synaptic weight for the one or
more failures and for one or more successful transmis-
sions of events to the post-synaptic neuron via the syn-
aptic connection.

38. The computer program product of claim 31, wherein
the set of characteristics of the synaptic connection further
comprises at least one of: a delay of the synaptic connection,
an age of the synaptic connection, location of the synaptic
connection, a size of the synaptic connection, a state of the
synaptic connection, a time period since last activation of the
synaptic connection, a time period since last successful acti-
vation or failed activation of the synaptic connection, a state
of the pre-synaptic neuron, or a state of the post-synaptic
neuron.

39. The computer program product of claim 31, wherein:

a chance of the one or more failures or successful trans-

missions of events via the synaptic connection does not
affect an amount of an input to the post-synaptic neuron,
if a transmission of an event via the synaptic connection
is success, and

the amount of the input is zero, if the transmission of the

event via the synaptic connection fails.

40. The computer program product of claim 31, wherein a
probability of the one or more failures is a function of a
synaptic connectivity in the neural network.
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